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(57) ABSTRACT

An aggregation operation is performed on a subset of facts
sampled from a full structured collection of facts, to deter-
mine an aggregation result. Based on the determined aggre-
gation result and on an indication of characteristics of the
sampled subset of facts relative to the full structured collec-
tion of facts, an indication of a difference is determined,
between what would be the result of the aggregation-type
operation on the full structured collection of facts and the
actual result of the aggregation-type operation on the sampled
subset of facts. The full structured collection of facts may be
comprised of a plurality of component structured collections
of facts, where the sampled subset of facts includes facts that
are sampled from the plurality of component structured col-
lections of facts, in a manner that is deterministic across the
component structured collections of facts, and then joined to
constitute the sampled subset of facts.

12 Claims, 2 Drawing Sheets
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AGGREGATION-SPECIFIC CONFIDENCE
INTERVALS FOR FACT SET QUERIES

BACKGROUND

Many enterprises collect large amounts of facts on which
they can base business decisions. For example, the facts may
be contained in records that are “cookies,” created by a
browser as a result of particular actions of users with respect
to web pages being processed by the browser. The facts may
be characteristics of the particular actions such as, for
example, which pages of a particular web site a user has
visited. While these facts provide much information about the
users’ behavior, it can be difficult to process so many facts in
order to glean the useful information, in order to make a
particular business decision.

An “aggregation-type operation” may be performed to dis-
till a large amount of facts (such as the facts contained in
cookies) into some aggregate value that represents an aggre-
gate of the large amount of facts, such that a business decision
may be made based on the aggregate value. However, when
an aggregation-type operation is to be performed on the large
amount of facts, it can be computationally prohibitive to
process all of the available facts to accomplish the aggrega-
tion-type operation. On the other hand, if the aggregation-
type operation is performed on a sampling of the facts, it is
(conventionally) difficult to know if the outcome is the same
(or the same “enough” to be reliable) as would result from
performing the aggregation-type operation on all of the avail-
able facts.

Furthermore, where the facts on which the aggregation-
type operation is to be performed is a result of joining a
plurality of fact sets, prior work suggests that the fact sets
must be joined prior to any sampling, rather than joining
samplings of the fact sets, in order to obtain correct results.
For example, the prior work (see, e.g., Chaudhuri et al.,
“Overcoming Limitations of Sampling for Aggregation Que-
ries,” IDCE 2001) suggests that the sample and join opera-
tions are not commutative. In other words, the prior work
suggests that, because the join of sampled fact sets (sample
before join) generally does not produce the same outcome
(i.e., the same fact records) as the sample of joined fact sets
loin before sample), it is undesirable to use the join of
sampled fact sets as a basis for making business decisions.
That is, according to the prior work, it is undesirable to
perform aggregation-type operations on the join of sampled
fact sets and to base business decisions on the outcome of
such aggregation-type operations, even though to do so would
be more computationally efficient.

SUMMARY

In accordance with an aspect, a method of determining the
outcome of performing an aggregation-type operation on
facts of a structured collection of facts includes performing an
aggregation operation on a subset of facts sampled from the
full structured collection of facts, to determine an aggregation
result. Based on the determined aggregation result and on an
indication of characteristics of the sampled subset of facts
relative to the full structured collection of facts, determining
an indication of a difference between what would be the result
of the aggregation-type operation on the full structured col-
lection of facts and the actual result of the aggregation-type
operation on the sampled subset of facts. The full structured
collection of facts may be comprised of a plurality of com-
ponent structured collections of facts, where the sampled
subset of facts includes facts that are sampled from the plu-
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rality of component structured collections of facts, in a man-
ner that is deterministic across the component structured col-
lections of facts, and then joined to constitute the sampled
subset of facts.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 broadly illustrates data flow through a system in
which an aggregation-type operation is performed on facts
sampled from a full fact set, and, further, a difference indica-
tion is determined.

FIG. 2 illustrates an example in which fact tables are indi-
vidually sampled, and then the samples are joined.

DETAILED DESCRIPTION OF THE PREFERRED
EMBODIMENTS

The inventors realized that it is not necessarily undesirable
to perform aggregation-type operations on the join of
sampled fact sets and to base business decisions on the out-
come of such aggregation-type operations. Rather, the inven-
tors realized that the row-sets (each row being a record of fact
set) from the sample before join approach and from the join
before sample approach need not be the same in order to
reliably base business decisions on the results of the aggre-
gation-type operation. There is only a requirement that the
outcome of particular aggregation-type operations be the
same. Even at that, differences can be tolerated, so long as the
differences can be quantified or estimated (such as by deter-
mining a margin of error associated with the outcome of the
aggregation-type operation) and, perhaps, are reliably small.
The inventors further realized that, even without a join, it is
desirable to quantify the difference between what would be
the outcome of' the aggregation-type operation on the full fact
set and the actual outcome of the aggregation-type operation
on the sampled fact set, sampled from the full fact set.

FIG. 1 broadly illustrates data flow through a system in
which an aggregation-type operation is performed on facts
sampled from a full fact set, and, further, a difference indica-
tion is determined, indicating a difference between what
would be the outcome of the aggregation-type operation on
the full fact set and on the actual outcome of the aggregation-
type operation on the sampled facts.

Turning now to FIG. 1, facts of a structured collection of
facts 102 are provided to a sampling procedure 104. A result
of the sampling procedure 104 (sampled facts) is held in
sample storage 106. Based on a business query 108 (typically
from a user 109), a query engine 110 generates a query with
respect to the sample 106, and query results 112 are gener-
ated. Using the “cookie” example, the structured collection of
facts 102 may include a plurality of cookie records, whereas
the sampled facts include some of the cookie records.

The query results 112 are provided to processing 114 to
determine a difference indication corresponding to the query
results 112. As mentioned above, the difference indication
indicates a difference between what would be the outcome of
the aggregation-type operation on the full facts and on the
actual outcome of the aggregation-type operation on the
sampled facts. For example, the difference indication may be
a statistical estimate or other statistical characteristic of the
difference. In addition to being based on the query results
112, the difference indication determination processing 114
is based on metadata 116 regarding the processing by the
sampling procedure 104. In one example, the metadata 116
includes information about how the sampling is performed
and also includes information about the full facts 102.
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The query results 112 and the corresponding difference
indication 118 are provided to the user 109 as the results 120
of the business query.

Having broadly described a system in which an aggrega-
tion-type operation is performed on sampled facts and, fur-
ther, in which a difference indication is determined, we now
provide an example of more details of the sampling. In par-
ticular, FIG. 2 illustrates an example in which the sampled
facts are the result of individual sampling fact tables and then
joining the samples.

More particularly, FIG. 2 illustrates an example in which
fact records are gathered on a month-by-month basis. Refer-
ring to FIG. 2, all (i.e., unsampled) facts for Month #1 are
stored in Full Fact Table #1 202a, facts for Month #2 are
stored in Full Fact Table #2 2026 and facts for the current
month (Month #3) are stored in Full Fact Table #3 202c.
Using the cookie example, Full Fact Table #1 2024 may
include cookie records generated during Month #1, Full Fact
Table #2 2025 may include cookie records generated during
Month #2, and so on. Meanwhile, the sampled facts for
Month #1 (e.g., a sampling of the cookie records generated
during Month #1) are stored in Sample Fact Table #1 204a,
the sampled facts for Month #2 are stored in Sample Fact
Table #2 2045 and the sampled facts for Month #3 are stored
in Sample Fact Table #3 204c.

Sampling of fact records is with respect to a particular
attribute, referenced to herein as an “eminent attribute.” For
the cookie records, the eminent attribute would typically be a
user identification (e.g., a Yahoo! user sign-on identification)
that, in each cookie, identifies a user for whom that cookie
was generated.

Before continuing with FIG. 2, we discuss how the sam-
pling processing may be performed to, for example, deter-
mine the Sample Fact Table 104a from the Full Fact Table
102a. Random sampling is a good way to get what non-
statisticians call a “representative” sample of the data. In
accordance with one example, by contrast to random sam-
pling, a sampling mechanism has two characteristics.

One characteristic of the example sampling mechanism is
determinism, such that if a record having a particular eminent
attribute value is included in a sample table determined for
one value of a dimension (typically, but not necessarily, time),
then a record for that same particular eminent attribute value
is also included in a sample table determined for some other
value of that same dimension. Using the cookie example, if a
cookie generated for a particular user is sampled from the full
fact table of Month #1 cookies, then the cookies generated for
that particular user are also sampled from the full fact table of
Month #2 cookies, etc. In accordance with this characteristic,
then, when tables including such samples are joined, a “lon-
gitudinal” sample table (i.e., a sample table that is longitudi-
nal across values of the dimension, such as over time) is
provided to explore long-term behavior of the units having the
particular eminent attribute value (and other users for which
records are included in the joined sample tables) over mul-
tiple values of the dimension.

Another characteristic of the example sampling mecha-
nism is that the sampling is such that records are not chosen in
correlation with the metrics for which it is desired to query the
sampled facts. For instance, if the records are cookies (which
correspond to users), for a two percent sampling of the cook-
ies, it is desirable to not select the oldest two percent of the
cookies. That is, records for the oldest two percent of the
cookies may exhibit different behavior than records for newer
cookies. Thus, for example, the cookies may be sampled such
that the sampling has properties of a random sample.
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Itis further noted that the sampling is in the “cookie space,”
not in the page view space. Seemingly innocuous schemes
may not result in having properties of a random sample in the
cookie space. For example, if it is desired to choose a ten
percent sampling of cookies, the sample may be constructed
by looking at the page-view event stream and constructing the
sample by choosing the cookie that includes an indication of
activity corresponding to every tenth page view. This will not
yield a sample having random properties in the cookie space,
however, since it is more likely to pick cookies for users with
higher activity. Thus the resultant sample would be correlated
with the metric (amount of activity) to be measured

Thus, in one example, the sampling is based on a hashing
method to choose which records to include in the sample. The
hashing algorithm, for example, may be used to determinis-
tically maps a string representing the eminent attribute to an
integer, and when the modulus of the integer (e.g., mod 100)
is taken, a substantially uniform distribution of records in the
“eminent attribute space” results.

Examples of two hash functions that may be used include
the Galileo hash algorithm and the FNV (Fowler/Noll/Vo)
hash algorithm. Referring again to cookies as an example, the
portion of each cookie that indicates a user identification may
be used to map the cookie into one of one million buckets.
Then contiguous ranges of those one million buckets may be
used to create a sample bucket with size ranging from 0.1% to
10% of the total number of buckets.

The FNV hash may operate by repeatedly multiplying the
key (initialized to the first (high) byte of the cookie) by a
prime number and XOR’ing the product with the next octet of
the data to produce the next key. A third hashing method may
be utilized, that simply takes the top 4 bits of the cookie to
allocate the cookie to one of 16 buckets. It has been found, in
one experiment conducted by the inventor, that the distribu-
tion resulting from using the FNV hash is much superior in
uniformity than the “top 4 bits” method.

We now turn to FIG. 2, which illustrates how samples of a
plurality of sample tables may be joined, such that the result-
ing sample table may be queried, for example, by the query
engine 110 in FIG. 1. FIG. 2 illustrates an example in which
fact tables Full Table 202a, 2025 and 202¢ are generated
based on activity of users in Month #1 (Full Table 202q),
Month #2 (Full Table 2025) and Month #3 (Full Table 202¢).
Each of the full tables includes substantially all of the samples
for the appropriate month, keyed by eminent attribute as
described above. Thus, for example, the Full Tables 202 may
be considered components of the “full table 102" in FIG. 1.

Sample Tables 204a, 2045 and 204c¢, then, correspond to
Full Tables 202a, 2025 and 202¢. For example, the sample
tables are formed using a sampling method described above,
such as the FNV hash method. The Sample Tables 2044, 2045
and 204c¢ are joined 205(1) to form Table I 206(1), which is a
longitudinal sample table of the samples originally from Full
Tables 202a, 2025 and 202¢. The dots 207 signify similar
sampling processing taking place on other full tables (not
shown), joined 205(1I) to form Table II 206(1).

Table I 206(1) and Table 1T 206(11) are joined to together,
with dimension tables (sometimes called lookup or reference
tables) to form a Joined Sample Table 208 (e.g., akin to the
Sample 106, in FIG. 1) to which queries may be applied (by
the Query Engine 110) and for which difference measures
may be determined (114) corresponding to the query results.

We now discuss determining the difference measure in
some detail, using a specified example of defining a statistical
measure of the difference and, more particularly, determining
confidence intervals as the difference measure. That is, the
business query 108 typically results in an aggregate function
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query generated by the query engine 110. We use SQL as an
example of the query language.
An SQL aggregation query is typically of the form

— —
select A(c) from T where C
where A is an aggregation function (e.g. sum, count, average),

? is a vector of columns from one or more tables "_13, and C
is an arbitrary condition. Aggregation queries can be con-
trasted from list queries. List queries return rows where each
row corresponds to a single value of an eminent attribute.
Aggregation queries return rows where each row corresponds
to a summary statistic for a set of values of the eminent
attribute.

We now discuss a set of aggregation sample-based SQL
queries whose mean and confidence intervals can be esti-
mated, and we also discuss formulas and computational pro-
cedures for achieving those estimates. The aggregation que-
ries we discuss are of the forms: average, count, countdistinct
and sum. Furthermore, the aggregation is over the same key as
the sampling key (so ifthe sampling key is user identification,
for example, sums and averages are at the user identification
level). Some notable cases are not discussed: the min and max
aggregation operators are excluded because sample estimates
of these random variables are always biased. The sample
estimate for min is always higher than or equal to the true min.
The sample estimate for max is always less than or equal to
the true (population) max.

The inventors have developed some theory on which for-
mulaic estimates of confidence intervals for various aggrega-
tor operators have been developed. The theory is detailed in
Appendix A, which comprises a chapter of an unpublished
paper, authored by the inventor.

Based on the theory developed by the inventor, for an
aggregation SQL query using the various aggregator opera-
tors, confidence intervals associated with the result of the
SQL query can be estimated. Notice is taken of the Central
Limit Theorem (CLT), which states that, for n random vari-
ables with arbitrary distribution (the distribution does not
have to be anormal distribution) but with finite variance, if the
mean is taken of the n variables, the distribution of the mean
tends to normality as n tends to infinity.

We now discuss particular aggregator operators specifi-
cally. Turning now to the average aggregator, based on the
theory developed by the inventors, for an aggregation SQL
query using the “average” aggregator select average (M) from
T, the 95% confidence interval can be estimated by

Close (M) = [~ 1.96——, m+ 1.96L]

Vi Vi

where T is a sample table, M is a numeric column in T, M, is
the random variable representing “average(M)” using n rows,
n is the number of rows returned by the SQL query, m is the
average value of M over those n rows, and s is the sample
standard-deviation of M over the same row-set. In addition,
the following assumptions are made: all rows (e.g., cookies)
are independent, all rows are identically distributed, the num-
ber of rows, n, is large enough such that a Central Limit
Theorem (CLT) applies, and the population from which T is
sampled is infinite.

It is noted that the confidence interval is a function of
quantities (n; m; s) that can all be easily calculated in most
business-intelligence tools such as Access, Microstrategy,
SAS, MyNA and Excel. The confidence interval estimate
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may be adjusted for a non-infinite population, using a “finite
population correction,” or FPC. A “sampling fraction” fis
determined from

2=

where N is the size of the finite population and n is the sample
size. With the FPC, the 95% confidence interval for the aver-
age aggregator can be estimated by

Cl (M) = = 1.96%\/1 “Fom+ 1.96%\/1 7]

n n

The confidence interval has the property that variance and
confidence interval width go to zero as the sampling fractions,
f, goes to 1. This is reasonable, since with fclose to 1, almost
the entire (finite) population is being sampled, and the uncer-
tainty (as reflected in the confidence interval width) should go
down to zero.

Turning now to the sum aggregator, based on the theory
developed by the inventors, for an aggregation SQL query
using the “sum” aggregator, the 95% confidence interval can
be estimated by

Clys50,(S,)~[1nm—1.96sJn,nm+1.96s [sn]

With the FPC, the 95% confidence interval for the sum aggre-
gator can be estimated by

Cly o50(S,)=[nm=1.96s n(1=F) nm+1.96s n(1-1)]

The confidence interval just described, for the sum aggre-
gator, is for a sum over the n items in the sample. For example,
the confidence interval may be estimated for a sum of page-
views of all cookies in a sample for visits to a particular
property. However, analysts are typically also interested in
projecting (scaling) these numbers to the 100% scale. For
instance, if a 5% sample were used, it would be desired to
multiply the expectation by 20 to get an estimate at the 100%
scale. Based on theory developed by the inventors, the con-
fidence interval for such scaling becomes (after applying
FPC)

1 1 /1 1 [1
CINygs%(?SN] = [?nm— 1.96s 7n(1 -, 7nm +1.96s 7n(1 - }

We now discuss various “count” aggregation operations
and the corresponding confidence interval estimates. For
example, the conditional count aggregation operation is mod-
eled by a binomial treatment. The binomial model only has a
single parameter p denoting the proportion of units satisfying
the condition C. Let B, be a binomially distributed random
variable representing the number of items under condition C
with proportion p and let B, , be its counterpart for sample
size n. Applying the FPC, the normal approximation to the
confidence interval is

1 1
CIN,QS%(B},L) ~ [?ﬂp - 196/ 7(1 = fnp(l=p),
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-continued

%np+ 1.96 | %(1 - finp(l —p)} S

While the formula looks complicated, it is a function of only
three commonly available numbers: the sampling fraction f
which is typically known ahead of time, of the sample size n, !
and of the selectivity p of the condition C. The selectivity is
just the fraction of rows satisfying C from the number of rows
n in the sample. To compute the selectivity, one simply
divides the number of rows (in the sample) satisfying C
(which would include definition of the groups if any) by the
total number of rows in the sample.

An unconditional count aggregation operation, if a value
for the total number of rows N in the parent table is not

available, can be estimated by 20

1
c1N,95%(7c] x[n=1.961 - FHvn, n+1.96(1 - f)Vn |
25

where C is a random variable representing the count produced
in the query and n is the number of cookies in the sample. It is
noted that CI, in this case, is centered on the sample size n,
which is expected since the query requests the number of
units in the sample.

We now discuss a population ratio aggregation operation. It
is assumed that C, is N random variables representing quan-
tities in the numerator of the ratio. Q, is N random variables
representing quantities in the denominator ofthe ratio. b is the
sample size. The population ratio is

40

and an estimate of the ratio is estimated by the sample esti- 43

mator, which is the sample number of quantities in the
numerator divided by the sample number of quantities in the
denominator

50
Cn

Gn

=
1}

55
The 95% confidence interval of the proportion estimator is

-5 1 & . 2
- m; (co — Rap)” .

~ Cn 1
Clos(R) ~ 2 £1.96% =
n Q

For a percentage change aggregator D (i.e., determining
the fractional change in a random variable X between time t, s
and time t,), the 95% confidence interval of the percentage
change estimator is

1 [1-7 1 2

n
Xy

— (xb,l - rxb,o)
n n-1 Xo

b

Chos(D) =1 - ;) £196% —
0 0

where n is the set of records formed by the union of records at

o time intervals t, and time t, X,, is the sample mean of X, and

X, for X,. X, is the value in the record at time i.

We have thus described a method and computer program
product in which an aggregation-type operation may be per-
formed on a subset of facts sampled from a full structured
collection of facts, to determine an aggregation result. Differ-
ences between performing aggregation operations on the
sampled fact set and on the full structured collection of facts
are quantified or estimated (such as by determining a margin
of error associated with the outcome of the aggregation-type
operation).

Furthermore, the full structured collection of facts may be
comprised of a plurality of component structured collections
of'facts. The sampled subset of facts may include facts that are
sampled from the plurality of component structured collec-
tions of facts, in a manner that is deterministic across the
component structured collections of facts, and then joined to
constitute the sampled subset of facts. That is, the “sample”
operation may be before the “join” and reliable results of an
aggregation-type operation may nevertheless be obtained. In
addition, it is noted that the methods described herein may be
executed by a computing system according to computer pro-
gram instructions tangibly embodied in a computer-readable
medium, wherein the computer program instructions, when
executed by the computing system, are operable to cause at
least one computing device of the computing system to per-
form the method.

What is claimed is:

1. A computer-implemented method of determining the
outcome of performing an aggregation-type operation on
facts contained in a full structured collection of fact records,
wherein the full structured collection of fact records is com-
prised of a plurality of component structured collections of
fact records, the facts being data representative of interaction
by users with information presented to the users via a com-
puting network and each component structured collection of
facts being for facts indicating user interaction during a par-
ticular time period the method comprising:

by a computing system, sampling the plurality of compo-

nent structured collections of fact records in a determin-
istic manner across the component structured collec-
tions of facts, wherein the sampling includes applying a
sampling algorithm to values of a particular eminent
attribute of the fact records consistently across the com-
ponent structured collections of fact records, wherein
the algorithm is characterized by deterministically dis-
tributing the fact records relative to the eminent
attribute, the particular eminent attribute being a dimen-
sion of every one of the component structured collec-
tions of fact records,

by the computing system, forming a merged collection of

sampled fact records comprising the fact records
sampled from the plurality of component structured col-
lections of fact records, such that the merged collection
of sampled fact records is longitudinal for records hav-
ing the at least one particular eminent attribute value,
over multiple time periods;






